Abstract: Understanding the behaviour of leakage current (LC) is not an easy task for engineers and new techniques are needed to identify the outage risk of some electrical circuits. Therefore, this paper presents a Generalized Linear Model (GLM) to characterise the LC variations in 230 kV ceramic insulators located in outdoor electrical substations subject to high pollution levels. The model uses data such as LC, acoustic emission (AE), and environmental variables (EVs). We found that the model represents the LC variation of electrical insulators of high voltage circuits. This model is useful for designing detection systems that represent the contamination levels and predict the behaviour of changes related to EV. With this model, we can determine the risk indicators for failure of electrical insulators in high-pollution areas.
INTRODUCTION
The most commonly used insulators in power transmission lines and substations are ceramic, glass and porcelain as their dielectric properties help avoid ground faults. When these materials are exposed to severe environmental conditions, such as high marine pollution, industrial pollution and desert pollution, the dielectric properties are affected [1] . Such conditions can occur in high-pollution areas created by vehicular gas emissions, mineral salts, dust, chemicals and other sources [2, 3] .
When ceramic insulators are used in coastal zones, they are continually subjected to pollutants that change the insulators' dielectric properties and frequent washing is required to mitigate the risk of failure. For example, an electrical substation in New Barranquilla, located in the city of Barranquilla, Colombia, which is close to the Caribbean Sea, has a great number of insulators that are subjected to high marine pollution levels. Electrical lines and substations require frequent maintenance while the system is energized, which involves using treated water (resistivity >1500 Ω⋅cm or 591 Ω⋅inch) at pressures specified by national and international laws [4, 5] . However, one study has revealed the low effectiveness of washing insulators with treated water [6] , which motivates the continuing search for better alternatives.
Washing insulators is an expensive task and the process requires optimising a number of maintenance activities performed during the year. Furthermore, variable monitoring is used to identify the dates when the insulators must be cleaned. For this purpose, some electricity companies measure the LC with a coil around a potential transformer. The LC measurement provides an indication of the pollution levels on the insulators [7] . This method has some problems, such as electromagnetic induction in the measuring instrument and humidity variation, which cause impedance changes in the insulators depending on the time of day. Furthermore, there is no clear reference for determining the contamination of the insulator and that increases the number of cleaning activities [8] .
A more reliable solution is to measure the equivalent salt deposit density (ESDD) as described in [9] . This is the most direct measurement of contaminants on the insulator surface. This method consists of removing manually the impurities from the insulator surface and to measure the conductivity of the sample. The problem with this procedure is that it requires too much time and considerable resources to evaluate continuously the insulator condition.
Another method uses thermal imaging to determine if the insulator is at an acceptable temperature. However, this has weaknesses because it depends on the amount of current that heats parts of the material or where spots can be detected using images. This method requires maintaining a correct distance and angle and specialised software for image analysis [3] .
A simple method to determine the need for insulator maintenance is the perception of AE based on the experience of the network operators. Although it is not an accurate method, it is practical and a good indicator of the risk of power system outages. This is also a good indicator for defining the maintenance actions in the search of the optimum time to clean insulators [6] .
The AE method is based on measuring the sound intensity emitted by a ceramic insulator chain, where partial electrical discharge is present. When a partial electrical discharge occurs, an instant energy release follows that emits an acoustic wave. Currently, this method is investigated in laboratories where pollution and other agents in the environment are simulated [9] . Measurements of partial discharges are performed based on the standard [10] and according to Annex F 'Nonelectrical methods of PD detection'. Despite the monitoring standards, [10] does not specify how to measure partial discharge with acoustic reception. The standard [9] intends to conduct a simulation of pollutants by a saline solution sprayed on the insulator. All previous standards focus on short times and avoid the noise of other external factors in the environment [11] [12] [13] [14] .
In [15] , a correlation study of AE and EV was conducted. This study found a high correlation between the LC and climate variables. The external noise was filtered to identify only the correct sounds of the partial discharges. A first model was obtained with historical databases, but this model does not represent the variations of LC.
In this paper, we focus on determining a GLM [16] to obtain the characteristics of the LC in the electrical insulators of a substation by measuring the AE, the hour of the day when the measurement was made (DS) and EVs such as temperature (TP) and relative humidity (RH). This model allows detecting contamination variations under different weather conditions as well as monitoring the non-intrusive LC of different electrical circuits.
The linear regression model is not appropriate due to the nature of its assumption; thus, we develop a model using GLM. For example, normality is not met by LC because this variable is only positive and a normal variable includes negative and positive values. Additionally, homoscedasticity is not met even by transforming LC (this variable is dependent in the model). With this model, we can estimate the LC considering the changes in the most influential variables to determine the behaviour through the time. The results show how the model fits the different behaviours of the measured LC over time, which is an important advance for designing different monitoring methods for electrical circuits.
The rest of the document is divided in three sections. Section 2 includes the materials and methods used in this research. Section 3 shows the results and analysis of the data. Finally, Section 4 presents the conclusions and future work.
MATERIALS AND METHODS
The procedure was conducted in the Nueva Barranquilla substation, located in the city of Barranquilla, Colombia. Fig. 1 shows some of the areas and electrical circuits of the outdoor substation. The most critical area for insulator pollution is the 220 kV circuits, where the voltage level represents a high risk for outages. 
Data collection 2.1.1 Leakage current
The data collection is based on [15] , which considers measuring LC with a clamp ETCR 6300, located in a current transformer of the substation as shown in Fig. 2 . This clamp has a resolution of 0.001 mA, an accuracy of ±1.5 % and a range of 0-60 A. The clamp ETCR 6300 has a communication port RS-232, which can connect to a computer. LC was measured from March to April 2014 with a one-minute sampling period. 
Acoustic Reception
Sound recording was carried out with a digital sound meter Extech model 407764 and Sound Meter software. This equipment was programmed with a laptop HP to measure the level of noise emission every minute during two washing periods.
An acoustic test was conducted to filter the external noise and maintain only the sounds required for the research. The microphone was located close to the potential transformer where the current clamp was located to capture only the sound of the discharges and avoid the sound of wind with a screen. The configuration of sound measurement is shown in Fig. 3 . 
Climatic Variables
Daily measurements were taken to determine the behaviour of the LC while considering the EVs. Additionally, we measured climatic variables with a Davis Vantage Pro2 Plus weather station. This equipment allowed to measure variables such as TP, RH, solar radiation, and wind speed and direction. We used other weather stations located near the electrical substation to compare the results.
Methodology of Data Processing
Data were collected sequentially and continuously. Observations with missing data were deleted. Problems of lack of independence were possible because of the way the data were collected. Consequently, random numbers (0, 1), obtained by a Bernoulli's probability distribution (p = 0.7) were assigned to initial data to select those observations with 1. The purpose of this procedure was to break the problem of lack of independence of observations (7,045 observations remain after the selection). Next, each variable was analysed to identify outliers [17] ; however, no outliers were found.
Observations including data for LC, TP, RH, AE and DS were considered in the model, where LC was treated as the dependent variable. DS was processed as a qualitative variable with four levels initially: early morning (0:00-6:00), morning (6:00-12:00), afternoon (12:00-19:00) and night (19:00-24:00). However, there was no statistical difference between the early morning and morning levels; thus, DS was handled as a qualitative variable with three levels: morning (0:00-12:00), afternoon (12:00-19:00) and night (19:00-24:00).
Other independent variables, such as date, wind speed and direction, atmospheric pressure, dew point, air density and solar radiation were also measured, but were not significant; thus, they were excluded by the model. However, a GLM was built with the selected observations. The type of statistical distribution for the dependent variable is a key assumption under GLM; therefore, goodness-of-fit tests are important results for this method.
In this article, a gamma distribution for LC was assumed because measurement of this variable produces positive values. Consequently, the independent variables were selected by using both Wald's and Pearson's Chi Square tests.
From a procedural point of view, a random group of observations (70 %) was selected to build the model and the rest (30 %) was employed to validate the forecasting capacity of the model using MAPE (mean absolute percentage error). The graph of standardised deviance residuals and predicted value of the linear predictor was also used to validate the model and the assumption of gamma distribution.
Generalised Linear Model
The structure of a multiple linear regression model is illustrated by Eq. (1):
where the dependent variable Y i , i = 1, 2, …, n is modelled as a linear function of independent variables X j , j = 1, 2, …, k plus an error term. In this model, ε i is assumed independent and identically distributed, which implies that E{ε i } = 0 and var{ε i } = σ 2 . It is frequently assumed that ε i ∼ N(0, σ 2 ); however, this assumption must be validated to have a valid model [18] .
The multiple regression model is a useful framework, but there are cases where the model is not appropriate.
For example, the dependent variable is not normal because its value is restricted (e.g. positive signs) and the constancy of variance is not supported by residuals of the model.
In these cases, GLM is a valid approach to model the dependent variable in terms of independent variables, but the model has the following characteristics [16] :
First, a linear predictor ηi is modelled in terms of independent variables as shown in Eq. (2): 0 1 1 2 2 ... .
Second, a link function that expresses the relation between the mean of the dependent variable E{Y i } = μ i and the linear predictor as expressed in Eq. (3):
Third, a function of the variance in terms of the mean as presented in Eq. (4):
The term K is a constant that represents a dispersion parameter. It is clear now that multiple linear regression is a special case of GLM because
On the other hand, in this article it is assumed that the dependent variable Y follows a gamma distribution. Consequently, Y ∼ Gamma(α, β) and E{Y i } = μ i , where the link function is η i = 1/μ i , the variance is var{μ} = μ 2 and the linear predictor is μ i =1/(β 0 + β 1 x 1i + β 2 x 2i + …+ β k x ki ).
RESULTS
The goodness-of-fit test shows that a GLM assuming a gamma distribution for LC and using a reciprocal link function is appropriate (see Tab. 1) because the p-value does not allow rejecting the null hypothesis of the assumed distribution. The columns named 'value' and 'degree of freedom' (DF) allow estimation of the p-value. On the other hand, the table shows values for the Akaike Information Criterion (AIC) and Bayesian Information Criterion, which allow choosing this model because they present minimum values relative to other explored models. Therefore, according to Eqs. 
where the term μ i is the mean of dependent variable LC, the term ln AE represents the logarithm of AE values and the term ln RH refers to the logarithm of RH values. In this model, the hour of the day (or day section, DS) was modelled as a qualitative variable with three levels; as a result, only two dummy variables (DS1 and DS2) are required to represent those three levels. Tab. 2 presents the codification used in this research for variables DS1 and DS2.
According to this table, if the section of the day is the afternoon, then variables DS1 and DS2 will take values of 1 and 0, respectively. If it is the night, then DS1 and DS2 will take the values 0 and 1, respectively. Finally, both variables will take a value of 0 if it is represented the morning. Estimations of coefficients are shown in Tab. 3. All terms in the model are significant. To check the model, a graph of standardised deviance residual [19] vs predicted value of the linear predictor is shown in Fig. 4 . A good model should not show any patron in the graphic obtained; in other words, running means must be approximately straight and flat [20] . To illustrate this, a red curve was added to the graph. The red curve links running means and is slightly flat so we can conclude the model is satisfactory. A curvilinear patron is a symptom of omission of some variables. This is not the case, thus the variables selected are appropriate to model LC. Although the positive correlation between the two variables is evident, a larger dispersion is observed as the predicted mean of LC is greater. This is not an unexpected result because a linear regression model shows the heteroscedastic nature of the modelled data. In addition, at the bottom of Section 2.2.1 is shown how the variance of the mean is a quadratic function of the predicted mean. This behaviour is modelled by GLM.
CONCLUSION
This paper presented an LC model obtained from AE and RH that allows identifying circuit outage risk. A GLM represented well the LC phenomenon, providing good approximation to the actual values measured in the electrical substation during dry periods. The model allowed prediction of the LC to monitor their behaviour during insulator cleaning. The study was conducted for dry periods, which are the critical conditions for ceramic insulators under severe pollution, representing well the changes as repetitive cycles influenced by the atmospheric variables. We can conclude that the model provided good results. Furthermore, the model represented well the pollution behaviour during the critical period, being useful to predict the changes during the different days of the test. An increase in the sound of partial discharge represented an increase in LC and the higher probability of a ground fault in the power system produced by the action of pollution and humidity. This research helped test the direct relationship between the LC and AE. However, the RH decreased the intensity of the sound emitted by the insulators and the sound increased with increased humidity. In future, we will be working on detecting AE produced by LC in other types of insulators, electrical circuits and transmission lines to optimise the maintenance of insulators located in high-pollution environments.
